Abstract Dynamical subseasonal forecast skill of summer daily maximum temperature (T max ) over East China was evaluated based on a 20-year (1995-2014) subseasonal reforecast data set from the European Centre for Medium-range Weather Forecasts. A significant late-July barrier of subseasonal forecast skill was identified for the T max over the Yangtze River Basin, which concurs with a reduction in the prediction skill for the local 500-hPa geopotential height. This barrier period corresponds to an abrupt transitional phase of the climatological intraseasonal oscillation when the western North Pacific subtropical high abruptly migrates northward from Yangtze River Basin to northern China. The transitional phase of the climatological intraseasonal oscillation features the largest day-to-day variance in the position of western North Pacific subtropical high, which may cause the drop of the subseasonal forecast skill for both the geopotential height and T max . The results indicate that the atmospheric subseasonal predictability may be strongly affected by the phases of the local climatological intraseasonal variation.
Introduction
The occurrence of heat waves in China has increased significantly as a result of global warming (e.g., T. Ding & Ke, 2015; You et al., 2016) , with potentially disastrous impacts on health and economy. Reliable weather and climate forecasts for extreme high temperature (EHT) are important for both early warning systems and risk mitigation (National Academies of Sciences, Engineering, and Medicine, 2016) . There is currently a forecast gap for time scales ranging from 1 week to 1 month. This is considered to be the most challenging time scale because many of the initial signals in the atmosphere are almost lost, but the lower boundary conditions have not yet taken full effect (Liang & Lin, 2017) .
Since one source for the subseasonal prediction of EHT is the atmospheric intraseasonal oscillation (Gao et al., 2017; Yang et al., 2010) , some previous studies have attempted to forecast EHT by detecting statistical intraseasonal precursory signals (T. Ding & Qian, 2012; Teng et al., 2013) and producing statistical subseasonal forecast models of heat waves (Zhu & Li, 2017) . However, even a state-of-the-art statistical subseasonal model can only capture nearly 30% of the heat waves over China with a 15-day lead time (Zhu & Li, 2017) . In comparison, with improved general circulation models and forecast techniques, the current numerical dynamical models have shown an increasing capability in producing skillful forecasts for extreme events on subseasonal time scales (Mariotti et al., 2018) . The World Weather Research Programme and World Climate Research Programme subseasonal to seasonal (S2S) prediction project (Vitart et al., 2017) , with a special emphasis on high-impact weather events, have made available a large database and provided a new opportunity for evaluating the current subseasonal prediction skill for EHT in current dynamic models.
Therefore, it is of great interest to assess the subseasonal prediction skill of EHT over its core region of East China. phases of the climatological subseasonal march is worthwhile to investigate. Primarily based on the S2S reforecast data sets of the European Centre for Medium-Range Weather Forecasts (ECMWF) from the S2S database, a varying subseasonal prediction skill is reported and its associated cause is also discussed.
Data Sets and Method
Because the daily maximum temperature at 2 m (T max ) is the most important indicator for the EHT events (e.g., Fischer & Schär, 2010) , this study mainly focused on the prediction skill of T max . The T max for the reforecast of the ECMWF subseasonal forecast system was retrieved from the S2S prediction project database (Vitart et al., 2017) . The ECMWF subseasonal prediction system initializes the reforecasts every Monday and Thursday, with 10 ensemble members initialized on the same calendar date for the 20-year reforecast period of 1995-2014 (i.e., an on-the-fly method). Each reforecast lasts 47 days. To verify the reliability of the major finding, we also examined the prediction results from other two models of China (see supporting information Figure S1 ).
The observed T max is from the CN05.1 data set, which is provided by the Chinese National Climate Center, and has a spatial resolution of 0.25° (Wu & Gao, 2013; Xu et al., 2009 ). The T max data from 2000 gauge stations over China from the China Meteorological Administration are also used to confirm the reliability of the result (not shown). The observed atmospheric circulation is represented by the ERA-Interim reanalysis data (Dee et al., 2011) . The selected observational period is similar to the reforecast.
For each year from 1995 to 2014, the variable anomalies in the reforecast data were calibrated by removing the ensemble mean model climate. The model climate was calculated in a cross-validated way by excluding the year of the anomaly. The reforecast anomaly is essentially a function of both the lead time and the initialization date. The same procedure was applied to the observation to obtain the observed anomalies.
To investigate the temporal variation of subseasonal prediction skill, we utilized a time window of 11 target days and calculate the temporal correlation coefficients (TCCs) between the observation and the corresponding forecasts for these target days at different lead times over the 20 peak seasons (a total of 11 × 20 = 220 forecasts) to represent the correlation skill of the targeted middle date (day 6). We slide the 11-day segment one day forward with the middle date (day 6) moving from 1 July to 31 August to calculate the skill for each day. This roughly represents a day-to-day variation of running mean subseasonal prediction correlation skill (called skill hereafter) during a specific season. We also examined the result using other windows (e.g., 9-day) and the following major findings are not sensitive to different windows (see supporting information Figure  S2 ). We applied the Chiclet diagram to illustrate the change in prediction skill as a function of lead time and starting date (Carbin et al., 2016) . For the convenience of calculating and illustrating the results, we have preprocessed the ECMWF's twice-weekly reforecast data so that every daily target date has its forecasts of different lead times (see supporting information Table S1 for detailed description of the procedure) and also verified that the major finding was not influenced by this special treatment (see supporting information Figure S3 ).
Subseasonal Prediction of T max Over East China

The Subseasonal Prediction of the Climatology of T max
Previous studies have shown that July-August (JA) is the peak season of hot days over East China (Gao et al., 2018 (Gao et al., , 2017 . In the observation as shown in Figure 1a , the Yangtze River Basin (YRB) is the dominant center of T max and the southern China (SC) is the second maximum center over East China during JA. In this peak season, high T max mainly occurs before the mid-August as shown in Figure 1b . To evaluate the subseasonal prediction skill of T max in its peak season, we examined the 20-year averaged reforecast ensemble mean T max with a lead time of 2 and 3 weeks, respectively (Figures 1c-1f ). The ECMWF model can realistically capture the climatological features in the core regions of T max over the YRB in the peak season 2 and 3 weeks in advance. However, the prediction results have two evident biases: One is the failure of reproducing the SC maximum center and the other is a false maximum center over the North China Plain. It seems that the predicted T max region shifts northward slightly, which is linked to its predicted bias in climatological position of western North Pacific subtropical high (WNPSH) (see supporting information Figure S4 ).
Therefore, the YRB core region has the best prediction compared with the other two regions in this subseasonal forecast system. Over the core region, the warmest period is from early July to mid-August in the observation. In the reforecast, the warmest period can be well predicted even with a lead of 3 weeks. Therefore, the ECMWF model is able to capture the major climatological spatial-temporal features of the T max over the core region of East China. Figure 2a presents a Chiclet diagram of the ensemble mean TCC, which demonstrates how the prediction skill changes with the target date and lead time. Of great interest is that the prediction skill is not stable during the peak season. The most remarkable feature is a sharp decline of prediction skill in late July (with a minimum around 21 July). Here we refer to the salient reduction of prediction skill in late July as the late-July prediction barrier. This barrier can also be seen in the subseasonal reforecasts of the other two models (see supporting information model descriptions).
The Late-July Barrier of Subseasonal Prediction Skill of T max Over the YRB
Again, we calculated the temporal change of predictable days in this season. If TCC of the N-day lead reforecast cannot pass the 95% confidence level for the first time, we define N À 1 day as the predictable days of the middle date (day 6). Figure 2b shows that the predictable days abruptly drop down to 8 days around 21 July, while the prediction skill reaches 10-15 days before and after the barrier.
In addition, we examined the prediction skill of EHT through some common methods (e.g., Zhu & Li, 2017) . We applied the hit rate (HR) of the hot days to measure the prediction skill. We used a relative definition of heat wave to select hot days in both observation and prediction. The hot day refers to a day with T max exceeding the calendar day 90th percentile centered on a 15-day window for the whole period (1995-2014) (Fischer & Schär, 2010) . The HR was calculated by the ratio of hot days from prediction against observation of 11 days centered on each calendar day from 1 July 1 to 13 August 13 during the period 1995 to 2014 in the reforecast. If the HR of the N-day lead reforecast is fewer than 0.5 for the first time, we defined N À 1 day as the effective HR days of the middle date (day 6). As a result, a sharp decline of HR can be also exhibited in late July shown as in Figure 2c .
Discussion: Cause for the Subseasonal Forecast Barrier
Previous studies have reported that T max in the YRB is closely related to the downward motion near the ridge of the WNPSH (e.g., Gu et al., 2016; Peng, 2014) . We therefore examined the day-to-day relationship between the YRB area-averaged T max anomaly and the daily 500-hPa geopotential height (GHT500) at each grid point during the 20 reforecast years (Figure 3a) . Figure 3a does show that the maximum positive correlation is located over the YRB during JA. To understand the late-July prediction barrier over the YRB at the subseasonal time scale, we made an analysis similar to that in Figure 2 for the correlation skill of GHT500 (Figure 3b) . The results show that the prediction skill of GHT500 in late July is also the lowest, suggesting that the prediction skill of T max and that of GHT500 are closely correlated in boreal summer. The GHT500 variation subseasonal progression of the WNPSH is closely related to the climatological intraseasonal oscillation (CISO) of the East Asian-western North Pacific monsoon (Wang & Xu, 1997) . Figure 4a shows the northward migration of WNPSH that is represented by the latitude of its western ridge point, defined as the latitude of the westernmost position of 5,880-gpm isoline in the area (10-60°N, 90-180°E) in boreal summer. Obviously, the abrupt northward migration of the climatological WNPSH just occurs in the beginning of late July around 21 July, which is consistent with previous studies (e.g., Wang & Xu, 1997) . The abrupt jump is actually a manifestation of the swift transitional phase of the CISO. Figure 4b shows that the WNPSH experiences the largest day-to-day variance around 21 July, right before this abrupt transitional phase. The large day-to-day variability around 21 July can potentially increase the prediction uncertainty and reduce the predictability of T max . It is also possible that the transitional phase of the CISO provides an environment, which leads to atmospheric variability of chaotic nature and less predictable. Therefore, the late-July barrier can be remarkably detected in the subseasonal prediction of T max over the YRB.
Conclusions
Based on the ECMWF subseasonal reforecast results, we evaluated the subseasonal prediction skill for T max in its peak season, July and August over East China. The YRB region is the core region of T max in East China. The 2-and 3-week lead forecasts of ECMWF capture the climatological feature of T max the best over YRB (Figure 1 ). The most remarkable finding is the existence of a significant late-July barrier for subseasonal prediction skill of T max over the YRB. It is found that there is a high day-to-day correlation between the T max and the GHT500 over the YRB, and a sharp reduction in the GHT500 prediction skill also appears in the barrier period.
Further analysis reveals that the late July is a climatologically rapid transitional phase of the CISO, during which the WNPSH experiences an abrupt northward migration. The transitional phase of CISO corresponds to the period when the position of the WNPSH has the largest day-to-day variance. It is conceivable that the drop of prediction skill results from the abrupt change in the WNPSH at the swift transition of CISO and the associated large amplitude of internal variability. The finding indicates that the atmospheric subseasonal predictability can change significantly due to the phase locking of intraseasonal oscillation to the annual cycle. 
